INTRODUCTION
A landslide occurs worldwide. However, the impact is greater in developing country. The spatial probability of landslide occurrence, also known as susceptibility (Brabb, 1985) , is the probability that any given region will be affected by landslides, given a set of environmental conditions (Guzzetti et al., 2005) . Many landslide causative factors have been considered in the literature for landslide susceptibility mapping, but it is not certain which factors produce the optimal result for an area under analysis. With the availability of increasing number of landslide causative factors, finding the best combination of factors has become an important research issue. Currently, there are no universal guidelines for the selection of landslide causative factors. Determining the causative factors are a difficult task, Van Westen et al. (2003) stated that every study area has its particular set of factors, which triggering landslides. A factor can be a contributing one for landslide occurrence in an area but not in another one.
Landslide causative factors could have different degrees of effects on the accuracy of landslide susceptibility maps that has been investigated by several types of research in the literature. Cuesta, Sánchez, & Garci'a (1999) assessed 209 landslide events from 1980 to 1994 in the Cantabrian Mountains in northwestern Spain and found that precipitation was the most influential causative factor. Moreiras (2005) considered lithology and slope as the most influential factors in landslide mapping based on the study area of the Rio Mendoza Valley in Argentina. Glenn et al. (2006) stated that topographic factors are highly influential parameters in landslide studies. They assessed the efficiency of laser scanning data (LiDAR)-derived topographic factors in characterizing landslide morphology and activity. For instance, Costanzo et al. (2012) analyzed the relationships between a priori ranking of controlling factors and predictive performances. The results showed that slope angle, roughness, land use and topographical wetness index were main causative factors.
On 26th March 2004, the huge collapse occurred in northern caldera wall of Bawakaraeng caldera (Elev. 2,830 m). The collapsed area has caused a ridge including Mt. Sarongan (Elev. 2,514 m), and the collapsed mass volume was estimated more than 200 million m 3 . The collapsed mass has been running down as debris flow, it is reached the Bili-Bili reservoir and treated life time of the dam. The collapse was predicted to be caused by a combination of several factors; such as weak geological structures, steep high walls of the caldera and high rainfall intensity (Tsuchiya et al., 2004) . The main portion of the collapse is two twin ridges of the caldera. These ridges were initially formed by the steep slope surface slipping down or creeping; the creep zone eventually expanded and settled in an unstable condition (CTI, 2006) . Low cementation rocks, stock and second deposits of volcanic rocks are distributed at the base of Mt. Bawakaraeng forming a low strength base for the high walls of the caldera (CTI, 2006) .
The scope of this study aims to investigate the geo-environmental factors that contribute to landslide and assess the most significant causative factors to generate the landslide susceptibility map with better accuracy. The outline of this study is to select the most significant causative factors by certainty factor analysis, produce landslide susceptibility map using the selected and original causative factors by logistic regression and do the comparison between two models.
DATA AND METHODS

Study area
The study area (Figure 1 ) is located in the upstream of Jeneberang River (Lengkese Sub-watershed). The study area is bounded by the latitude of 05°18 ′10″ and longitude 119°53′20″ with an area about 128.40 km 2 and most of the terrain is mountainous with highest peaks exceeding 2,795 m. The study area located around 70 km east of capital city of South Sulawesi Province. Jeneberang River rises in Mt. Bawakaraeng, which has an elevation of 2,833 m above MSL and flows from the east to the west. Sulawesi Island has a tropical climate with characteristics of two seasons within a year, rainy seasons from November to May and a dry season from June to October. The precipitation is more than 700 mm in the month of February and rises to 900 mm in January (Tsuchiya et al., 2009 ). This area is a productive land but regularly experience a small to a big landslide, especially during the rainy season. Due to increasing of rainfall intensity, the probability of landslide occurrence, particularly shallow landslides increases and it is very sensitive to short lasting, high intensive rainfall (Hasnawir and Kubota, 2012) . The lithological layer of the study area was created from geology map of Indonesia with scale 1:250,000. The land use layer was based on Indonesia Ministry of Forestry 2014. River and soil layers were based on BIG (Badan Informasi Geospasial / Geospatial Information Agency). Another factor such as mean annual rainfall data, collected from rainfall gauge stations was available around the study area. Landslide inventory of the area was detected by satellite image interpretation and verified by field investigation.
Landslide inventory map
According to Guzzetti et al. (1999) , landslides which occurred in the past and present are keys to predicting landslides happening in future. However, due to the absence of historical records of landslides and their triggering factors, insufficient information and heterogeneity of subsurface conditions and lack of knowledge about their behavior make it very difficult to predict spatial and temporal probabilities of landslides. Indirect mapping methods use either statistical models or deterministic models to predict landslide prone areas, based on information obtained from the interrelation between landslide causative factors and the landslide distribution. Therefore landslide inventory is an essential component of landslide hazard zonation techniques.
A total of 380 known landslides with a total of 9,901 pixels were prepared from field observations and remote sensing of the study area (Figure 1) . Some of the archived landslide inventory databases were also used in the previous research to produce landslide hazard map. Landslides in the area include rotational slides and translational slides. For building the susceptibility map models, the landslide inventory was randomly partitioned into two groups: a training data set (70%, 266 landslides) and a validation data set (30%, 144 landslides). 
Geospatial database of geo-environmental factors influencing landslides
Data preparation is the first fundamental and important step for landslide susceptibility analysis. To mapping the potential landslide in sub-watershed Jeneberang, it first conducted studies on the factors that cause landslides. Factors that caused landslides are well known by experts or landslide researchers, but the main factor of avalanche between one watershed and others will vary due to the different of biophysical conditions. In this study, nine landslide causative factors were used, namely: elevation, slope aspect, slope angle, lithology, drainage density, distance to river, soil texture, mean annual rainfall and land cover or land use (Figure 4 ). Each category was divided into different classes by its value or feature.
Digital elevation model (DEM), remotely sensed imagery and geological maps of the study area were used to create maps of the factors that were employed in subsequent stages. Digital Elevation Model (DEM) was the key to generate various topographic parameters related to landslide activity of the study area. With cell size 10 x 10 meter, elevation (<820 -2,795 m), slope angle (0 ->45 degrees) and slope aspect layers have been extracted. The resolution and accuracy have a direct influence on the quality of these factors (Lee, 2005) .
Probabilistic analysis
The probabilistic analysis is performed using a methodology integrating the results into a spatial database using GIS.
Certainty Factor Analysis
The certainty factor (CF) model is a method for managing uncertainty in rule-based systems. Shortliffe and Buchanan (1975) developed the CF model in the mid-1970s for MYCIN, an expert system for the diagnosis and medical treatment. In this study, CF is applied to selecting the optimal causative factor related to landslide occurrence. Certainty factor can be calculated using the following functions:
Where PPa is the conditional probability of having a number of landslides event in a class of parameter and PPs is the prior probability of a total number of landslides in the study area. For each of the causative factors, the weights and contrast were calculated using the certainty factor method. The CF approach transforms each class into interval between -1 and 1, and it indicates a measure of belief and disbelief. A CF value of -1 indicates that an increasing uncertainty of landslide occurrence or the certainty of the hypothesis being true is very small, as compared with a high CF near to 1 means that decreasing uncertainty or the indication strongly supports the hypothesis as true. A value close to 0 means that there is no information of the landslide occurrence. The ppa and pps values were determined by overlaying each parameter layer with the landslide inventory layer in ArcGIS and landslides falling in each parameter class were determined. These values were used to determine the CF value of each classes.
The Multivariate Approach: Logistic Regression (LR)
It is admitted that among the wide range of statistical methods proposed in landslide susceptibility mapping, Logistic Regression analysis has proven to be one of the most reliable approaches (Ayalew et al., 2005) . Logistic Regression analysis relates the probability of landslide occurrence (having values from 0 to 1) to the "logic" Z (where −1<Z <0 for higher odds of non-occurrence and 0<Z <1 for higher odds of occurrence). In the LR formula, the probability of landslide occurrence is expressed by:
where P is the estimated probability of landslide occurrence and ranges from 0 to 1; Y is an indicator variable, X is the independent variables (landslide causative factors), X = (x0, x1, x2,. . . xn), x0 = 1; b is regression coefficient. To linearize the mentioned method as well as remove the 0/1 boundaries for the original dependent variable, the estimated P probability is transformed by the following formula:
The alteration is referred to as the logit transformation. Theoretically, the logit transformation of binary data can ensure that the dependent variable is continuous and the logit transformation is boundless. Moreover, it can ensure that the probability surface will be continuous within the range [0, 1] . Using the logit transformations, the standard linear regression models can be obtained as follows:
Here, b0 is the constant or intercept of the formula, b1, b2, . . . bn represents the slope coefficients of the independent parameters, x1, x2, . . . xn in the logistic regression and ε is the standard error. Multivariate regression analysis plays a central role in statistics that cause one of the most powerful and commonly used techniques (McCullagh and Nelder, 1989) . Elevation is commonly used to assess landslide susceptibility. The variation in elevation may be related to several environmental settings such as rainfall and vegetation variety. A digital elevation model (DEM) can categorize the local relief and locate points of maximum and minimum heights within the terrain. The elevation of the study area is 820 to 2,795 meters. Figure 3 shows that landslides mostly occurred at 820-1,137 m (26%). One of the reason is the land use at those elevation is dominated by agriculture which mostly is paddy field.
Slope angle
Slope is often used to study landslide probability, and all studies into the probability of landslides consider slope (Dai et al., 2001 ; S. Lee and Talib, 2005) . Highly sloped areas and cleared areas receive exposure to direct sunlight, which dries the soil and increases the chances of landslides. The slope angle is frequently considered to be one of the most influential factors for landslide modeling because it influences the shear forces acting on hill slopes (Dai et al., 2001 ). In the study area, landslides increased with increasing slope steepness. Most landslides occurred on slopes of 30-45 degrees (20%).
Slope aspect
The slope aspect describes the slope direction, and it identifies the downslope direction of the maximum rate of elevation change. Although the relationship between the aspect and the mass movement has been investigated for a long time, there is no general decision regarding the aspect/landslide relationship (Ercanoglu & Gokceoglu, 2004) . However, the aspect is a significant factor in producing landslide susceptibility maps (Saro Lee et al., 2004) . The slope aspect also plays an important role in exposing the topography to sunlight and drying winds, which control the soil moisture. This is an important factor in landslide studies (Magliulo et al., 2008) . According to the number of pixels affected by slope failure, a southwest-facing slope (21,34%) ranks first followed by the north-(19,87%), northwest-(15,91%), and west-facing slopes (14,92%). Moreover, slopes facing south are more prone to landslides because they receive heavy rainfall during the monsoon season.
Lithology
Lithology is the most important parameter in this study of landslides because different lithology units have varying degrees of landslide vulnerability (Cuesta et al., 1999; Dai et al., 2001) . The lithological units shown in the surface geologic maps were reclassified according to geology and development center. The result was a generalized geologic map. Finally, the map describes the distribution of six types of lithology: | 83
Soil
The physical properties of soil are often used for parameter analysis of landslides via a probabilistic approach to soil texture. Soil texture can affect the other physical soil properties such as water infiltration, porosity, and permeability of water and power to pass groundwater. In Indonesia, soil is classified via the United States Department of Agriculture system, the Food and Agriculture Organization of the United Nations (FAO), and the Centre of Soil and Agroclimatic Research. Soil in the study area is from the Andosol family and is divided into three types: Dystrandepth, Dystropepts, and Tropaquepts. Landslides are mostly accumulated on Dystrandepts soil type (77,25%). This might be related to the location of Dystrandepts deposition, which are mostly found at higher altitudes. This class accounts for the largest proportion of the areas.
Drainage density
Drainage density is the total stream length per unit area of a river basin. Hasegawa et al. (2009) noticed that if precipitation increased, then an area with a higher drainage density is more often prone to a shallow landslide. A large-scale landslide is frequent in areas with less drainage density. In this study area, the 0.004-0.008 km subclass has the highest landslide percentage (26%).
Distance to river
Rivers play a major role in modifying the terrain by incising different rocks (Meten et al., 2015) . Runoff plays an important role and is a triggering factor in landslides. According to Meten et al. (2015) , rivers have a significant role in facilitating landslides. The analysis assessed the influence of distance to river and drainage density on landslide. In the case of the relationship between landslide occurrence and distance to river, subclasses of 0 -60 have the highest landslide percentage (70%). Gully erosion along the river may initiate landslides. Areas closer to the river network have more erosive forces that erode the base of the slope to a greater degree.
Precipitation
Rainfall is the principal climatic variable that influences landslide distribution. It is affected by topography, elevation, and vegetation-factors that are all interrelated. Mountainous areas cause the air currents to rise and cool resulting in increased precipitation with elevation (Walker and Shiels, 2013) . The climate of the study area is tropical humid, and precipitation varies with elevation. The average annual precipitation is between 3,100 -3,800 mm. The rainfall data area was obtained from two weather stations: Lengkese station and Malino station. Malino has the highest landslide percentage (79%) followed by Lengkese area.
Land use
Land use also plays an important role in the stability of the slope. The land covered by forest regulates continuous water flow. Water regularly infiltrates this area whereas the cultivated land affects the slope stability due to saturation of the covered soil. Land use in the study area is mainly occupied by dry land agriculture, mixed garden, forested area, paddy field, and savannah. Paddy field covered mostly located in the lowland and river floodplain. The landslide area was mostly in agricultural (27,57%) and secondary forest (27,18%).
Factors selection using Certainty Factor (CF)
The landslide distribution for each class is expressed by the number of occurring pixels and was used to calculate CF values. Table 1 shows the result of Z value of each causative factor. Based on the Certainty Factor method, four causative factors were detected with high influence to slope instability in the study area: land use (z value: 0.82), elevation (z value: 0.56), drainage density (z value: 0.25), and slope angle (z value: 0.30). These four factors have positive relationships with landslide occurrence. Therefore, these four factors were selected for further process to create an optimized landslide susceptibility map. The highest Z value is land use. Landslides especially correspond to the primary forest subclass (CF value: 0.80). (CF value: 0, 691) . It is widely accepted that the slope angle directly influences slope instability. Landslide probability increases from 20 -25 degrees, and it increases further and corresponds to slope angle. The increase in slope angle is affected by the shear stress in the soil or unconsolidated material increases. Gentle slopes generally have a lower frequency of landslides than steep slopes because of the lower shear stresses seen in low gradients (Lee & Talib, 2005) . In the study area, most landslides are associated with slope angles greater than 45 degrees (CF value: 0,69).
The drainage density negatively impacts landslide susceptibility due to their abrasive forces along the base of the slope. In the study area, the subclass of 0.08-0.012 km/km 2 has the highest CF value of 0.40 where most shallow landslides are observed. Costanzo et al. (2012) identified the factors based on the ranks associated with the factor's expected contribution to the predictive skill of a multivariable model. Approaches adopting discriminant analysis and logistic regression on the forward selection of variables, however fail when most of the variables are statistically significant. Although this method includes less computation, it requires to categorize the data into landslide and non-landslide groups which is rather exhausted. The proposed model using CF eliminated these limitations because it used only landslide pixels in the computation, and hence is very fast. Prior definition of hazard classes is not required in CF approach and it also supplies advantage of rendering the definition of susceptible classes transparent. Moreover, the proposed model is a relatively straightforward method that allows the causative factors to be ranked according to their certainty values in the range between -1 to 1. It is assumed that positive CF values have a high correlation with the landslide occurrence, and vice versa.
Landslide susceptibility mapping using logistic regression
In this study, a logistic regression model was developed using an equal proportion of landslide and nonlandslide pixels over ten iterations and all non-landslide data as a comparison. The constant and coefficient of independent variables were provided by logistic regression analysis using SPSS. Landslide data were randomly selected by SPSS based on the number of balanced proportion of non-landslide pixels,. Hence, this study proposes to examine ten iterations to get optimal results and a sense of fairness as shown in Tables 2 and 3 . By applying a logistic regression model, the landslide occurrence probability was measured.
If the values are closer to unity, then landslides are more likely to occur. 
Based on logistic regression analysis for all causative factors (Table 2) , precipitation has the highest coefficient of 1.47 which means that in the study area precipitation plays the important rules in triggering the landslide. Meanwhile, Table 3 shows that slope plays the most important rules than three others causative factors. In this case, precipitation was excluded because it was not selected by certainty factors analysis (Z= -0.14). The natural break method or Jenks optimization is also known as the goodness of variance fit ( Based on the certainty factor, further LR analysis was conducted using the four highest impact causative factors of landslide occurrences. Optimization was conducted to gain insight into whether the accuracy of the landslide susceptibility map can be increased. The LSM model using four causative factors was obtained using the coefficient values as the equation 7 Finally, the regression coefficients of predictors were imported to generate the landslide susceptibility map in GIS as shown in Figure 6 (a) and (b). The enlarged images in Figure 6 (c) and (d) facilitate comparison between these two maps. The distribution of medium to high susceptibility areas are much more wide spread in the map of nine causative factors than the four-factor map which is more specific to some location.
Accuracy assessment of susceptibility maps
Landslide susceptibility maps without validation are less meaningful (Chung and Fabbri, 2012) . To validate the landslide susceptibility maps, landslides in the study area were divided into two parts based on random partitions. These partitions divided the area into two groups: prediction (training) and validation (testing). The ROC curve is a graphical representation of the trade-off between the false negative and false positive rates for every possible cut-off value. The area under curve (AUC) is a useful indicator to validate the prediction performance of the model. The success rate curve describes how well the model and controlling factor predict landslides (Chung and Fabbri, 2003) . Accuracy is evaluated by the area under the ROC curve. The AUC value lies between 0.5 to 1. An area of 1 represents an excellent classifier and an area of 0.5 represents a worthless classifier.
In this study, both the training data (70% of 380 landslide polygons) and validation (the remaining 30% of 380 landslide polygons) datasets were selected to assess the models. The training data was used for the LSM success rate, and the validation data was used for prediction. The success rate and prediction rate can be obtained by comparing the landslide susceptibility results at known landslide locations. In SPSS software, the AUC of the success rate was derived by linking the landslide index in logistic regression model and the CF model after using landslide data for training. Subsequently, the AUC of predictive rate was obtained using landslide data for validation. The ROC curves for all nine causative factors or four causative factors are shown in the Figure 6 . The AUC of the success rate curve and the predictive rate curve for nine causative factors are 0.80 and 0.67, respectively. It means that the accuracy of the nine causative factors is 80% for training and 66.9% for the validation. In the case of the four causative factors model, the success rate and predictive rate curve return accuracies were 78% and 70%, respectively, with an AUC of 0.78 and 0.70. This proves that the nine causative factor models are better at explaining the cause of landslide occurrences than the four causative factors model.
The AUC curve determined with the validation data set should be approximately equal to the AUC curve determined with the training dataset, but it is generally lower than the success curve because the landslide data about validation areas are not used for modeling (Ngadisih et al., 2013) . It is interesting that the similarity of the success rate and the predictive rate values of the four factors models is closer than the nine-factor model. Meten et al. (2015) stated that the proximity of success rate and predictive rate values are also important because it shows how the logistic regression helps predict landslides.
CONCLUSION
This study shows the selection of optimum causative factors to build an effective landslide susceptibility map. Four out of nine causative factor was selected by using a certainty factor analysis (elevation, slope, landuse and drainage density). Higher prediction accuracy was obtained from the landslide susceptibility map based on a combination of nine causative factors. The result shows that decreasing the number of causative factors may not always result in higher prediction accuracy. For instance, the combination of nine causative factors showed a higher success rate (80%) than the combination of four landslide factors (success rate 78%). This proved that the landslide susceptibility map from nine causative factors is quite acceptable and should have a greater degree of influence in causing landslides.
There are some limitations and assumptions in this method. The limitations are related to the landslide inventory data. These data did not include the total number of the landslide events within the study area. Furthermore, the output LS map presents only the predicted spatial distribution of landslides and not their temporal probability. Despite these limitations, the produced landslide susceptibility map could be useful to the community and local officials. It could help design future land-use plans and implementation of developments.
ACKNOWLEDGMENTS
The first author would like to thank Indonesia Endowment Fund for Education (LPDP) for the scholarship grant to pursue the Ph.D. study.
